Understanding the drivers of divergence in historically dynamic systems, such as sky islands, therefore rests on addressing key questions about the genetic consequences of different types of movement. Here we leverage recent conceptual and computational advances to capture variation in movement that can occur among individuals, over time, and across landscapes, under different hypotheses about the processes structuring genetic variation. Specifically, we use an integrative model-based approach (Fig. 1 ) that employs spatially explicit models of distributions in the present and past in a montane grasshopper from the Rocky Mountains, Melanoplus oregonensis (Orthoptera: Acrididae) to test hypotheses about the processes driving genetic divergence. Because this region was heavily impacted by Pleistocene glaciations (Fig. 2) , and given that the grasshoppers are flightless montane specialists, we focus on two hypotheses: 1) restricted movement associated with the geographic isolation of contemporary sky islands, versus 2) movement related to colonization during shifting species distributions, may drive patterns of genetic divergence. Given the limited dispersal capability and habitat specificity of the species, we also consider alternative determinants of population connectivity (i.e. dispersal determined either by geographic distance or by differences in habitat suitability across the Rocky Mountain The high species diversity of islands has inspired both theories about and empirical investigations of the divergence process. This includes work on the role of geographic isolation (Mayr 1942 (Mayr , 1963 , as well as ecological contributions to divergence (Losos and Ricklefs 2009, Grant and Grant 2014) , where the insular nature of island settings, with limited movement among islands, and/or their colonization are recognized as critical components of the divergence process. While there is a long tradition of such work in oceanic archipelagos (Oneal et al. 2010) , studies of taxa inhabiting other types of 'islands' are interesting for what they reveal about the divergence process because of the similarities with their oceanic counterparts, but also because of their differences (McCormack et al. 2009 ). For inhabitants of mountaintop sky islands, especially those in the Northern Hemisphere, divergence may not only be linked to the geographic isolation they experience within and across montane habitats today, but the colonization of the sky islands in the past may also play a predominate role, given the dynamic history of these islands. Specifically, the distributions of montane taxa have undergone recent repeated shifts in altitude and latitude in response to the climatic changes associated with the Pleistocene glaciations (Pielou 1991 , Hewitt 1996 As biodiversity hotspots, montane regions have been a focus of research to understand the divergence process. Like their oceanic counterparts, the diversity of the 'sky islands' might be ascribed to geographic isolation of mountaintops. However, because the sky islands, and especially those in northern latitudes, are subject to extreme climatic events such as the glacial cycles that drove both altitudinal and geographical shifts in species' distributions, the dynamic colonization process is also a possible factor driving divergence. Here we test these two hypotheses (i.e. isolation versus colonization) in a flightless montane grasshopper, Melanoplus oregonensis, which is a member of a diverse group that radiated across the Rocky Mountains of North America. Using approximate Bayesian computation (ABC) and spatially explicit simulations that account for spatial heterogeneity and temporal shifts in species distributions, we show that a colonization model of the sky islands from refugial populations provides a significantly better fit to the empirical genetic data than a model of the geographic isolation among sky islands. Moreover, support for the colonization model holds irrespective of whether the movement of individuals was modeled as a diffusion process or was informed by differences in habitat suitabilities across the landscape. With validation analyses to confirm the models provide a good fit to the data, as well as general power and quality analyses, the research not only adds to a growing body of work on the complex dynamics underlying montane biodiversity, but it also provides much needed evaluation of competing hypotheses based on explicit models of the divergence process, as opposed to inferences about diversification drivers from species diversity patterns.
landscape). Considering different potential determinants of movement provides a gauge of how robust our inferences are to assumptions about gene flow under the different hypotheses. Past work on the system provides further justification for the hypotheses tested here. This includes evidence of significant population structure, but a lack of monophyly of individual sky island populations , suggesting the relevance of recent demographic history (as opposed to more ancient geologic events, which are not considered here).
We note that the hypotheses we focus on in this study are not the only ones that might be tested. Moreover, our tests of which models we are more probable does not mean we have necessarily identified 'the correct' model Maddison 2002, Beaumont et al. 2010) , even with validation procedures to evaluate that the models are capable of generating the data (Oaks et al. 2013 , Bemmels et al. 2016 ; this is true for any model-based inference procedure and is not specific to the approach we apply here. However, this does not discount the insights gained from evaluating biologically informed hypotheses when they are derived from consideration of natural history and the ecological and climatic history of a region (Papadopoulou and Knowles 2016) . Specifically, tests of the role of distributional shifts and the dynamic colonization process of the sky islands, versus the current geographic isolation of populations, are key to understanding the relative contribution of contemporary versus past landscapes to divergence processes. Moreover, such tests may be especially relevant to understanding the drivers of species diversity, which in Rocky Mountain montane Melanoplus grasshoppers reflects in situ diversification (i.e. closely related species are all montane and are not drawn from a species pool of low elevation taxa; Knowles 2000) .
Methods

Study species and species data
Melanoplus oregonensis is a small flightless grasshopper endemic to the northern Rocky Mountains of North America, and restricted to montane habitats (Knowles 2000) . Specimens were collected throughout the range of M. oregonensis from 14 sky islands (Supplementary material Figure 1 . Schematic of the iDDC procedure (modified and redrawn from Knowles and Alvarado-Serrano 2010) -a spatially explicit coalescent approach, where local population sizes and migration rates are based upon the habitat suitability information from the ENMs to generate expected patterns of genetic variation to test competing hypotheses using ABC, which in this case is used to test whether distributional shifts or geographic isolation is a probable driver of montane species divergence (for additional details see He et al. 2013 ).
Appendix 1 Table A1 ) in western Montana and northwestern Wyoming (Fig. 2) . Distributional data for M. oregonensis were collected from specimens at the Museum of Zoology at the Univ. of Michigan, as well as our own fieldwork; only relatively recent occurrence records were used (i.e. those less than 30 years old), for a total of 59 vetted distributional points. Georeferenced distribution points used in the modeling were representative of the entire range of the species (species distribution points are available from Knowles and Massatti 2016) .
Populations across the species' range were sequenced. Not only were multiple individuals per population sequenced, but multiple loci per individual were sequenced to obtain independent realizations of the process of allele coalescence. Approximately 4kb was sequenced in each of 75 individuals from five anonymous nuclear loci (see Supplementary material Appendix 1 Table A2 for specifics per locus, as well as estimates of genetic diversity; details regarding genomic library construction and sequencing protocols are given in Knowles and Carstens 2007) .
iDDC procedure and model selection
We simulated patterns of genetic variation under different hypotheses about how the landscape might structure genetic variation using the integrative distributional demographic coalescent (iDDC) approach (detailed in He et al. 2013) . Specifically, simulated datasets were generated under a spatially explicit coalescent model for alternative hypotheses in which the coalescent process was informed by demographic models that reflect differences in habitat suitabilities across space and over time. This flow of information provides direct links between process and patterns of genetic variation (Knowles 2009 ). Below we detail the steps involved in the iDDC approach, along with the approximate Bayesian computation (ABC) procedure used for model selection and validation of the parameter estimations (see also Fig. 1 ). All scripts for conducting the analyses, along with the empirical data used in the study are available in Knowles and Massatti 2016 .
Estimates of habitat suitability across the landscape
Habitat suitability across the Rocky Mountains during the present and 6 kya was estimated for M. oregonensis with maxent ver. 3.3.3e (Phillips et al. 2006) . Nineteen bioclimatically informative variables for the present (WorldClim ver. 1.4; Hijmans et al. 2005 ) and 6 kya (PMIP2-CCSM; Braconnot et al. 2007 ) were used to generate the environmental niche models (ENMs); given our focus is on the recent history of colonization associated with climate-induced distributional shifts, we use paleoclimatic data from 6 kya, as opposed to paleoclimatic data from the more distant past. To avoid overfitting the distribution models, the geographical extent of the environmental layers was reduced to an area approximately 20% larger than the known distribution of the species (Anderson and Raza 2010) . We performed a priori model testing to determine optimal combinations of the regularization and feature parameters for the construction of the present-day ENM (Warren and Seifert 2011) . Specifically, we used SDMToolBox (Brown 2014) to test combinations of regularization parameters from 0.25 to 3 in intervals of 0.25 and the Linear, Quadratic, Hinge, Product and Threshold features. Twenty-five replicate ENMs were generated to cross-validate each combination of parameters. Present-day models were constructed using all feature classes and a regularization parameter of 0.25. To guard against the inherent difficulties in extrapolating distributions into novel climates (reviewed in Alvarado-Serrano and Knowles 2014), an iterative approach was used to generate ENMs for the past (i.e. 6 kya) in which multivariate environmental similarity surfaces (MESS maps) were used to identify bioclimatic variables that result in areas of low reliability because of predicted values that are outside of the range of presentday environmental values (Elith et al. 2010) . Maxent was rerun excluding these out-of-range variables, and this process of analysis with MESS maps was repeated until no variables were out-of-range compared to present-day bioclimatic variables. Because MESS maps do not indicate changes in correlations among the environmental variables used for the 6kya reconstruction (Elith et al. 2010) , we checked our ENM for 6 kya using only the most informative variable to ensure that we were not reporting errant distributional patterns.
The values of the cells in the past and present ENMs corresponding to the logistic habitat suitability scores (continuously ranging from 0 to 1) were reassigned integers ranging from 1-10 using the 'equal interval' clustering method in ArcMap 10.0 (ESRI, Redlands, California, USA). To have a computationally tractable number of cells for demographic simulations (detailed below), the cell sizes of the ENMs were downscaled to 0.1 decimal degrees (∼88 km 2 per cell) (Ray et al. 2010 , He et al. 2013 ). As such, fine scale landscape heterogeneity within mountain ranges (Kiver and Harris 1999) ; however, this region is outside the area of dispersal modeled in this study.
followed expectations based on geographic distance alone (i.e. a random diffusion process). That is, four models were tested: two colonization models, CM E and CM G , and two sky island isolation models, IM E and IM G , where the subscripts E and G refer to connectivity patterns determined by either environmental heterogeneity or geographic distance, respectively. With this approach, we were able to accommodate uncertainty in possible determinants of migration patterns, while at the same time identify possible features in common across the most probable models (e.g. if CM E and CM G were the most probable).
With respect to generating expected patterns of genetic variation, the sky island and colonization models were each run for 6000 generations, but differed in terms of the spatial layers informing the demographic modeling. Specifically, IM E and IM G used one spatial layer, while CM E and CM G utilized shifts in the distribution of the grasshoppers through is not captured in our models. However, our models do capture differences in abundance at the scale of sky islands, and the likelihood of migration among sky islands (Fig. 3) , which is the focus of our study.
Models used for hypothesis testing
Two classes of models were tested to evaluate whether patterns of genetic variation reflect: 1) genetic drift associated with the colonization of the sky islands due to climateinduced distributional shifts (hereafter referred to as the "colonization model", or CM), or 2) genetic drift associated with the geographic configuration of the Rocky Mountain sky islands (hereafter referred to as the 'sky island isolation model', or IM). Two variants of each of these models were considered in which population connectivity patterns were either (a) determined by environmental heterogeneity (i.e. differences in habitat suitability across a landscape), or (b) Table A1 ) and topographic relief is shown in grey scale (lighter colors represent higher elevations).
distributional shifts versus geographic isolation of contemporary sky islands are drivers of divergence). For each simulated dataset, five spatially explicit coalescent simulations were run, corresponding to each locus sequenced in the empirical dataset. Also note that the same number of individuals was sampled in the simulated datasets as was sampled in the empirical data (e.g. same population locations and number of individuals per population).
Population genetic summary statistics used for parameter estimation and model selection
For both the empirical and simulated datasets, 545 summary statistics were calculated within, between, and across all populations (109 summary statistics per locus for each of 5 loci) (all data are available in Knowles and Massatti 2016) using Arlequin (Excoffier and Lischer 2010) . These include the number of segregating sites (S) for each population and across populations, private segregating sites for each population (PrS), the mean number of pairwise genetic differences of each population (p), and pairwise population F ST (Weir and Cockerham 1984) .
Model estimation, selection and validation
The empirical data were fit to each model using approximate Bayesian computation (ABC), as implemented with ABCestimator in ABCtoolbox . Specifically, partial least squares (PLS) components (Boulesteix and Strimmer 2007) were extracted from the estimated parameters using the 'PLS' package (Mevik and Wehrens 2007 ) with Box-Cox treatment (Box and Cox 1964) in R for the first 10 000 runs for each model; this method removes the effects of interactions between summary statistics and reduces "the curse of dimensionality" associated with using a large number of summary statistics (Boulesteix and Strimmer 2007) . Five thousand simulations (0.5%) whose summary statistics were closest to those calculated from the empirical genomic data were retained from each model and used for parameter estimation and model selection. Postsampling regression adjustment was applied using the ABC-GLM (general linear model) function (Leuenberger and Wegmann 2010 ) to obtain posterior distributions of the parameters. Bayes factors (i.e. ratios of the marginal densities of two models) were used for model selection, where a higher ratio indicates more support for the first model (Jeffreys 1961) .
After selecting the model with the highest support, we validated the accuracy of parameter estimates and assessed the ability of the model to generate the observed data. Specifically, one thousand pseudo-observations were generated from prior distributions of the parameters; if the estimation of the parameters is unbiased, posterior quantiles of the parameters from pseudo runs should be uniformly distributed (Cook et al. 2006 . The posterior quantiles of true parameters for each pseudo run were also calculated based on the posterior distribution of the regression adjusted 5000 simulations closest to the pseudo-observation. A coefficient of variation (R 2 ) of each parameter explained by the six PLS components was computed and used as an indicator for the power of estimation (Neuenschwander et al. 2008) . To check if each model is capable of generating the observed data, the likelihood of time; note the lack of stable suitable habitat (i.e. projections of the species' distributions in the present and past do not overlap geographically; Fig. 3 ). Temporal differences in distributional patterns for the latter two models were implemented in a step-wise fashion by using the ENMs from 6 kya and the present (Brown and Knowles 2012, He et al. 2013) . Populations were initiated from geographic locations identified from the ENM based on bioclimatic data from 6 kya. Maps of population carrying capacities shifted over time such that the first and last 1/3 of the demographic simulations' generations corresponded to the ENMs from 6 kya and the present (Fig. 3) , respectively, and a composite map (i.e. the average habitat suitabilities from the past and present ENM) informed the simulations for the intervening generations (He et al. 2013 ).
Simulated datasets
Demographic and coalescent simulations were performed in splatche2 (Ray et al. 2010) , where the habitat suitabilities were used to inform demographic parameters. Specifically, the carrying capacities of demes were scaled proportionally to their habitat suitability values such that the highest quality habitat (demes with values of 10) was allowed to have the full carrying capacity (100%), while the carrying capacities of lower quality habitat were decreased proportionally. Each generation, m proportion of the population migrates out of the local deme; migration occurs to the adjacent four cells (north, south, west, east). After the exchange of individuals, local demes grow logistically at the rate of 1, regulated by the local carrying capacity inferred from habitat suitability. The local demographic parameters were stored each generation and used to inform the spatially explicit coalescent model. The maximum coalescent time (a parameter in the program splatch2 that specifies when gene lineage coalescence across patches must occur) was set to be much greater than 4N for all models to avoid the forced coalescence to a single common ancestor.
For each model, 1 000 000 simulated datasets were generated with uniform priors for each parameter (i.e. betweendeme migration rate, m, maximum carrying capacity of a deme, k, the population sizes of the initial populations, N Anc , and the mutation rate parameter, m); the simulations took four months on 96 processors to run. Before the onset of population expansion from suitable areas modeled by the ENMs (Fig. 3) , the coalescence was modeled for 10 7 generations in a single large ancestral population to reach a common ancestor, as required by the modeling procedure. Note that priors on parameters were carefully chosen so that the models actually represented the processes posed by the competing hypotheses. For example, preliminary runs were conducted to identify a minimum value of log (m) for which complete landscape colonization was achieved (i.e. lower values were not included in the prior for log(m) because of the potential for biasing modeling selection given that the subset of simulation with incomplete colonization could not be used to approximate the probability a model). Likewise, we did not apply exceptionally high log (m) values because these values resulted in such rapid colonization that the signature of the colonization process itself would not be reflected in patterns of genetic variation (and hence, would not be relevant to evaluating the competing hypotheses that the GLM procedure had on parameter estimates and that the data contained information relevant to estimating the parameters. The distributions of the posterior quantiles of parameters for the most probable models (i.e. the colonization models) indicated that m and m are estimated without bias, whereas the posterior distributions of k max and N Anc are narrower and wider, respectively, than expected statistically (Supplementary material Appendix 1 Fig. A2 ).
Discussion
Our study supports distributional shifts -not geographic isolation -as a probable driver of montane species divergence. The research not only adds to a growing body of work on the complex dynamics underlying montane biodiversity (Brown 1995 , Hewitt 1996 , DeChaine and Martin 2004 , Galbreath et al. 2011 ), but it also provides much needed evaluation of competing hypotheses based on explicit models of the divergence process , as opposed to inferences about diversification drivers from species diversity patterns (Merckx et al. 2015 , Weigelt et al. 2016 ). Below we highlight the implications of our findings for montane taxa, as well as the promise and limitations of our modeling approach with regards to its general utility for generating testable, species-specific predictions. In addition to the interest in drivers of divergence in montane systems given that they are biodiversity hotspots, our work offers potential insights into a specific conundrum about Melanoplus. Specifically, why do high levels of population divergence not translate into species diversification -that is, why are the geographically isolated sky islands of the Montanan Rocky Mountains not a hotspot of grasshopper species diversity?
Implications for studying diversification in montane taxa
This research not only adds to a growing body of work on the complex dynamics underlying montane biodiversity (see Shafer et al. 2010 for examples pertinent to northwestern North America), but it provides a much needed evaluation of competing hypotheses based on explicit models of divergence mechanisms, as opposed to inferences about diversification drivers from species diversity patterns (Merckx et al. 2015) . Moreover, the results support the role of dynamic divergence models (Weigelt et al. 2016 ), such as "species pump" models in which colonization associated with distributional shifts promotes divergence (Papadopoulou and Knowles 2015a, b) , highlighting possible parallels between divergence processes in sky islands and their oceanic island counterparts, in which sea level changes, as opposed to shifts in climatic conditions associated with the glaciations, drive colonization dynamics. As such, and given the validation analyses confirming the models provide a good fit to the data, as well as general power and quality analyses, our study suggests that the colonization dynamics might also contribute to the biodiversity of sky islands. This result does not replace, but expands our knowledge of drivers of divergence, beyond the empirical data was compared with the likelihoods of the retained simulations. The fraction of simulations that had a smaller likelihood than the empirical data was calculated as a p-value, with small p-values indicating that a model is highly unlikely ).
Data deposition
Data are available from the Dryad Digital Repository: < http://dx.doi.org/10.5061/dryad.6v4ks > (Knowles and Massatti 2016).
Results
The first six PLSs contained the majority of information pertinent to the estimated parameters (Supplementary material Appendix 1 Fig. A1 ) and were used to calculate the distance between simulations and the empirical observations in the ABC analyses. Based on the marginal density calculated from the 5000 closest simulations for each model, CM E and CM G -the colonization model with gene flow patterns based on geographic distance and the colonization model with gene flow patterns based on differences in habitat suitabilitieshad the highest support (highest marginal density; Table 1 ). However, there is not a statistically significant difference in the support for one colonization model over the other, in contrast to the much lower support for the two sky island isolation models (Table 1) .
The two most probable models -CM E and CM G -are also capable of generating simulated data comparable with the empirical data (p-values, Table 1 ), which contrasts with the low p-values of the sky island isolation models, IM E and IM G (Table 1) . Although the uncertainty surrounding parameter estimates differed (Fig. 4) , comparison of the posterior probabilities pre-and post GLM regression adjustment of the 5000 closest simulations, as well as in comparison to the prior, demonstrates the improvement that Table 1 . Model statistics for evaluating the relative probabilities of the two colonization models CM E and CM G , and the two sky island isolation models IM E and IM G , where the subscripts E and G refer to connectivity patterns determined by either environmental heterogeneity or geographic distance, respectively. Bayes factors (i.e. the ratio between the model with the highest marginal density and the alternative model, respectively) indicate the colonization models are significantly more probable than the isolation models, with similar the marginal densities between the colonization models, CM E and CM G . Also shown are the coefficients of determination, R 2 , for the six PLSs used to estimate parameters, which indicate that while the predictive power of the data differed among parameters, the rank order of R 2 was similar across the models. Nevertheless, the most probable models are a good fit to the empirical genomic data; a high p-value indicates the model is capable of generating the empirical data, as determined by the likelihood of the retained simulated datasets relative to the likelihood of the empirical data. the Melanoplus grasshoppers studied here, divergence does not necessarily translate into species diversity. For example, species diversity in the study area of the Northern Rockies is notably low, especially compared to the Central Rockies (Knowles and Otte 2000) . Taken together, the results from such studies emphasize the complexity of links between divergence and biodiversity processes in island systems. It also highlights the need for a unified theory that captures the dynamic nature of islands (Ricklefs and Bermingham 2001) , as a complement to the equilibrium theory of island biogeography which treats the islands as static in geography and time. For example, in the Rocky Mountain sky islands (Fig. 2) , there may be little geographic overlap between the suitable present and the past habitats for organisms (Fig. 3) . To understand diversity patterns in such dynamic island systems, it is not just area and degree of isolation of present sky islands, but also factors related to colonization probabilites and past connectivity patterns that determine speciation and extinction rates (Etienne and Rosindell 2012) , and these rates may be scale dependent (Sukumaran et al. 2016) . For example, the geographically isolated sky islands of Montana may not be a hotspot of Melanoplus species diversity because at this scale, traditional biogeographic principles for studying species diversity patterns (e.g. distance separating sky islands and sky island size, Brown 1995; importance of different refugial source populations, Hewitt 1996 , Mitton et al. 2000 , Knowles 2001 , DeChaine and Martin 2006 .
Models
Yet, while the significant genetic signature of the colonization dynamic is clear in patterns of population divergence in our study (Table 1) , as well as other systems subject to climate-induced distributional shifts (Neuenschwander et al. 2008 , He et al. 2013 , Bemmels et al. 2016 , the links to biodiversity patterns in island systems can be complicated. For example, a worldwide survey identified the impact of late quaternary climate change on biodiversity, detecting a significant association between island area during the last glacial maximum (LGM) and the number of endemic angiosperms on oceanic islands (Weigelt et al. 2016 ), whereas present island characteristics were a predictor of species richness. In contrast, despite similar island areas between Puerto Rico versus the US and British Virgin Islands that formed a large complex during the LGM, species diversity differs, with higher diversity on Puerto Rico (Papadopoulou and Knowles 2016b). Likewise in . Posterior distribution (red line) of parameter estimates (i.e. carrying capacity, k, migration rate, m, ancestral population size q A , and mutation rate, m) for each of the two colonization models, (a) CM E and (b) CM G , and the two sky island isolation models, (c) IM E and (d) IM G , where the subscripts E and G refer to connectivity patterns determined by either environmental heterogeneity or geographic distance, respectively. Results are based on a GLM regression adjustment of the 5000 closet simulations to each model. The distribution of the retained simulations (blue line) and the prior (black line) demonstrate the improvement that the GLM procedure had on parameter estimates and that the data contained information relevant to estimating the parameters.
landscape and temporal shifts in this landscape to inform migration probabilities, as well as capture the demographic changes associated with the colonization process. In contrast, non-spatially explicit demographic models might have been used (Thomé and Carstens 2016) . However, in our case, we are not interested in estimates of the demographic parameters themselves. Similarly, we do not conduct a series of analyses to evaluate what contemporary environmental variables might best explain patterns of genetic variation across the landscape because the dynamic history of the Rocky Mountain sky islands highlights the importance of a historical perspective (Rissler 2016) . Here we apply model selection to models based on the spatially explicit coalescent so that a test of the colonization process associated with distributional shifts, as opposed to the geographic isolation of montane populations, could be evaluated. In other words, our primary interests were in testing biologically informed hypotheses -in this case, classic hypotheses about the potential drivers of montane species divergence. Given the difficulty in capturing the complicated nature of a species' history, and the complexity of translating the content from ecological niche models into population demographic models for informing spatially explicit coalescent simulations (Fig. 1) , the fit of the empirical data under the tested models is promising. Specifically, the high p-values (Table 1) for the most probable models suggest the models are capable of generating data like the empirical data, in contrast to a situation in which the likelihood of the empirical data under the most probable model may be much lower than any data simulated under such a model (Excoffier et al. 2013) . Nevertheless, there are limitations and caveats of our study that should not be overlooked, some of which are general issues with model-based inference (e.g. for cautions about ABC see Beaumont et al. 2002 , Bertorelle et al. 2010 , Leuenberger and Wegmann 2010 , Oaks et al. 2013 . For example, we provide a robust statistical evaluation of competing models, which includes model validation (e.g. the most probable model is capable of generating the data, Table 1 , despite some bias in parameter estimates, Supplementary material Appendix 1 Fig. A2 ). Moreover, by considering two variants of each hypothesis in which population connectivity patterns were modeled according to environmental heterogeneity or geographic distance alone (i.e. CM E versus CM G and IM E versus IM G ; Table 1 ), we confirm the robustness of our conclusions to different assumptions about possible determinants of gene flow.
Our approach does not identify the optimal model; ABC always produces a posterior distribution (Bertorelle et al. 2010) . As with any model-based inference, there may be additional factors not considered here that contribute to patterns of genetic variation, or models that might actually fit the data better. This is not a failure of our approach per se, nor does it diminish the contribution of our work, as long as the goal (and hence, limits of our inference) is clear. That is, our work demonstrates how hypotheses can be evaluated with explicit models of the processes of the potential drivers of divergence in a topographically complex, and climatically dynamic biome (see also Massatti and Knowles 2016) . Comparison of the estimated parameter values can also provide insights about why geographic isolation of the grasshoppers across the present sky islands is not the primary while the rate of colonization dynamics may be conducive to divergence within species, it may be incompatible with the rates necessary to facilitate speciation. In other words, for taxa within a given region, the rate of initation of divergence may differ from the rate these divergences are converted into species differences (Weir et al. 2012 , Dynesius and Jansson 2013 , Etienne et al. 2014 , Weir 2014 ), which will vary as a function of the species' biological characteristics .
Validation and interpretation of model-based tests of biologically informed hypotheses
Simple models provide insights about the history of divergence. While their simplicity makes them computationally tractable and easy to apply, the abstraction also limits the scope of questions they actually address. For example, a model may be used to document differences in the response of taxa to a common barrier, but they provide little insight into why the species do or do not show the same response (Massatti and Knowles 2014) . This limited predictive power is a direct extension of the simplicity of models that are often applied in statistical phylogeography (e.g. tests of similar divergence times among a set of taxa, Oaks et al. 2013 , or choosing among a set of generic models about whether divergence of two populations was accompanied by migration or population expansion, Thomé and Carstens 2016) . Likewise, a framework that accommodates species-specific predictions is key to understanding the role that characteristics of taxa themselves (e.g. their ecology and natural history traits) play in structuring genetic variation (Papadopoulou and Knowles 2016) . However, tests of biologically informed hypotheses are not without their challenges, including with our application here to evaluate hypotheses related to the drivers of divergence in montane systems. Below we highlight how our approach differs from other model-based inferences, focusing on aspects that are key to its utility, as well potential caveats.
The topographic complexity of montane systems arguably limits the utility of simple abstract models. For example, the Euclidean distance between georeferenced locations often does not capture the geographic isolation experience by organisms (McRae 2006) . Specifically, in montane systems, dispersal depends on how much elevation change occurs along a potential dispersal path because of the increased distance traversed across larger compared to smaller altitudinal difference, as well as increases in landscape heterogeneity with altitude. Likewise, with very little overlap between past and present distributions (Fig. 3) , applying a simple isolation by distance model to capture the role of geographic isolation in promoting divergence may be inaccurate. In contrast, a spatially explicit model may be effective in capturing how population dynamics (e.g. changes in population size and dispersal probabilities) differ across heterogeneous landscapes and/or during colonization (Neuenschwander et al. 2008 , He et al. 2013 , Bemmels et al. 2016 . Moreover, with uncertainty in the refugial source population of contemporary populations , Wachter et al. 2016 ), assumptions about ancestral source populations may make more simple approaches untenable. For example, here we used the suitability of the both spatial and temporal shifts in landscape suitability. We discuss the exciting possibilities this modeling approach provides for evaluating biologically informed hypotheses, as opposed to relying upon generic models that constrain the scope of evolutionary and ecological questions that might be addressed, as well as the limitations and challenges of our approach by referring to methodological assumptions and interpretation of the results. Lastly, we emphasize the need for a synthetic theory for understanding diversification processes in dynamic island systems, with a discussion of what determines whether population divergence translates into species diversity patterns. determinant of observed divergence patterns. In particular, the most probable carrying capacities, migration rates, and mutation rates are considerably lower compared to the colonization model parameters (Fig. 4) , suggesting the biogeographic processes capable of generating the genetic distinctiveness of contemporary populations (Supplementary  material Appendix 1 Table A1 ) are largely constrained if only the present sky islands configuration is modeled. However, the bias of some parameter estimates (Supplementary material Appendix 1 Fig. A2 ) cautions against directly interpreting the specific values .
We acknowledge there are many assumptions made in the procedures applied here that may be overly simplistic (e.g. converting measures of habitat suitability into population demographic parameters; for details see Brown and Knowles 2012) . Although beyond the scope of these analyses, it might be worthwhile to consider additional variants of each hypothesis beyond the two used here to model population connectivity (see Bemmels et al. 2016 for examples based on physiological tradeoffs and local adaptation). Such future analyses can be easily incorporated with tests of the models based on the data simulated here. That is, the analyses here would not have to be repeated. Instead, the marginal densities of models evaluated here could be directly compared to those computed from any simulations under any new model that might be considered in the future (as long as the same populations, number of individuals, and summary statistics are used across studies). Additional analyses might include refined models of colonization involving different numbers of putative glacial refugial populations, or differences in their geographic locations (He et al. unpubl.) . Lastly, despite the caveats discussed here, it is worth noting that without the spatially explicit, albeit complex, models exemplified here (Neuenschwander et al. 2008 , He et al. 2013 , Thomaz et al. 2016 , questions about the drivers of divergence and other evolutionary processes Knowles 2016, Papadopoulou and Knowles 2016) would continue to go unexplored.
Conclusions
Inhabitants of the 'sky islands' of montane regions are isolated, and like their oceanic counterparts, this geography may drive divergence. However, because of distributional shifts associated with climate changes, it may be past distributions and the dynamic colonization of the sky islands that drive divergence. Our results highlight the role of colonization associated with climate-induced distributional shifts versus the geographic isolation of the sky islands as drivers of divergence in the flightless montane grasshopper, M. oregonensis, based on statistical evaluation of these biologically motivated hypotheses using approximate Bayesian computation (ABC) and spatially explicit coalescent simulations. Moreover, we demonstrate that our conclusions are robust to assumptions about the determinants of gene flow patterns in the dynamic and topographically complex Rocky Mountain landscape. In addition, the work represents a general illustration of the utility of spatially explicit simulations to test hypotheses about the processes structuring genetic variation in dynamic island systems characterized by
